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SUMMARY
The US Federal Highway Trust Fund spent USD 42.95 Billion in 2015 out of which the
principal expenditure was the maintenance of existing highway infrastructure. To optimize
the use of resources for infrastructure maintenance, regular road infrastructure condition
surveys are required. Automated road condition surveys involve the use of survey vehicles
to collect road infrastructure condition data and distress detection algorithms to automati-
cally assess the infrastructure condition. These automated road condition surveys provide
a safe and efficient alternative to manual road condition surveys. However, widespread
adoption of automated road condition surveys is yet to be realized.
One problem is the lack of robust, accurate and fast algorithms to detect pavement
distresses. Pavement cracking is by far the most widespread and serious distress on road
infrastructure. Although some crack detection algorithms have been developed to provide
a high level of accuracy, their computation time makes them infeasible to implement in
real-time, leading to the costly requirement of saving a large volume of road infrastructure
condition data for processing at a later stage. Thus, a crack detection algorithm is required
which retains accuracy in a wide range of pavement conditions without being computation-
ally intensive.
To meet this research need, this thesis presents a fast and accurate crack detection al-
gorithm. A minimal path based approach has been used to develop the crack detection
algorithm. The technical approach consists of the following major steps: 1) Image pre-
processing to remove isolated noise; 2) Preliminary crack segmentation to minimize false
negatives; 3) Crack object generation and connection to remove false positives; and 4)
Refinement of the crack segmentation through a minimal path search based procedure.
The Crack Detection Algorithm Performance Evaluation System (CDA-PES) has been
used to validate the performance of the proposed algorithm. This thesis also compares
the proposed algorithm with the previous state-of-the-art algorithm. The proposed algo-
x
rithm outperforms all previous algorithms tested using the CDA-PES. Additionally, the
proposed algorithm achieves on average a 36 times faster computation speed than the ex-
isting state-of-the-art algorithm and a 58 times faster median computation speed. With a
median processing time of 0.52 seconds for 0.65 megapixel images on a single CPU thread,
this algorithm makes accurate, real-time processing viable.
The research presented in this thesis contributes significantly towards more widespread




The US Federal Highway Trust Fund spent USD 42.95 Billion [1] in 2015 out of which the
principal expenditure was the maintenance of existing highway infrastructure. To optimize
the use of resources for infrastructure maintenance, regular road infrastructure condition
surveys are required. These road infrastructure condition surveys can be manual, semi-
automated or automated.
In manual surveys, engineers determine the infrastructure condition during the survey
on the field. This approach is unsafe, laborious and time-consuming. In semi-automated
surveys, the road infrastructure is recorded using on-vehicle sensors and analyzed man-
ually at the office. This makes the surveys safer but still laborious and time-consuming.
Automated surveys involve the use of on-vehicle sensors and distress detection algorithms
to automatically determine the pavement condition. Automated surveys [2] are clearly the
preferred alternative. However, very few transportation agencies have adopted automated
road infrastructure condition surveys.
The Georgia DOT defines deduct values as quantifications of the adverse impact on
road infrastructure by various pavement distresses. The various deduct values are sub-
tracted from a value of 100 to obtain a condition rating for a 1-mile roadway segment.
Maintenance, repair and rehabilitation tasks are then prioritized based on the condition
ratings of roadway segments. As shown in figure 1.1, pavement cracking (load cracking,
block cracking, reflection cracking and edge cracking) has the highest impact on pavement
condition, more than all other distresses combined. Figure 1.2 demonstrates the extent
of various distresses. Note that a particular location can suffer from multiple distresses at
once. Again, cracking is one of the most widespread pavement distresses. 76% of segments
(1-mile pieces of roadway defined by Georgia Department Of Transportation for mainte-
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Figure 1.1: Distribution of pavement distresses by deduct value
nance purposes) suffered from some form of cracking in 2016. The following literature
review summarizes research on pavement crack detection.
1.1 Literature Review
In this literature review, 104 papers pertaining to crack detection methods, or pavement
distress detection methods which can be employed for crack detection, were studied. This
review first discusses the crack detection problem and classifies the solutions. This is fol-
lowed by an analysis of the trends in crack detection research.
1.1.1 Overview of Pavement Crack Detection
Crack detection algorithms can provide output features at different levels of detail. Some
algorithms simply classify an image as cracked or uncracked. This output can help to obtain
a basic idea of the proportion of roadways suffering from cracking of any kind. It can also
help to reduce the manual crack detection effort. However, this output is not useful to users
2
Figure 1.2: Distribution of pavement distresses by extent
requiring a more detailed description of the crack properties. Properties such as crack type,
crack length, cracked area and crack width are required to quantify the pavement condition
[3] and for subsequent MR&R decision-making. Algorithms which provide a greater level
of detail segment image blocks or individual pixels as cracked or uncracked. This review
focuses on crack detection algorithms which can provide a level of detail such that the
desired crack properties can be practically determined from the output features.
The most common approach to crack detection is based on classifying image blocks
or individual pixels as cracked or non-cracked, based on the aggregate statistics of the en-
tire image or the neighborhood of the image blocks or pixels under question. Each image
block or pixel is treated as a separate classification problem. Hence, the continuity of crack
features is not guaranteed. This approach will be referred to as individual classification.
Koutsopoulos et al. [4] compared four fast and simple individual classification algorithms:
Otsu’s method, Kittler’s method, a relaxation method and a regression-based method. The
regression-based method gave the best performance out of these methods by learning to
determine an intensity threshold based on the mean and variance of the image. All of these
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approaches use a single threshold for the entire image, which is often not feasible given the
gradual changes in intensity because of the cross-slope of the pavement, especially in as-
phalt concrete pavements. Using thresholds which changed according to the neighborhood
of each pixel or image block [5, 6] provided a solution to this problem. Conditional texture
anisotropy (CTA) [7] also works well for identifying individual crack pixels by detecting
pixels with a neighborhood which extend along a certain orientation. Free-form anisotropy
[8] modifies CTA to improve its performance on irregular pavement crack patterns.
Supervised learning has also been extensively for crack detection using individual clas-
sification. Cheng et al. [9, 10] utilize an artificial neural network to determine the optimal
intensity threshold for crack segmentation. Convolutional neural networks designed for
pixel-wise image segmentation [11] have been used for crack detection as well [12].
Individual classification can also be applied to the frequency domain transform of the
image. Thin cracks and the edges of wide cracks have sharp gradients. Edge detection
methods such as Canny edge detection [13] has been applied extensively for pavement
crack detection [14, 15, 16]. Mallat and Zhong (1992) [17] proposed a decimated fast
bi-orthogonal wavelet transform to obtain an image edge representation by computing the
local maximum of the gradient of an image. This concept has been applied extensively for
crack detection at multiple scales [18, 19, 20, 21, 22, 23, 24].
As mentioned before, individual classification does not consider that cracks are continu-
ous, salient features. As a result, the crack segmentation generally provides a disjoint crack
pattern, as shown in figure 1.3. Small indentations on the pavement surface are also often
misclassified as cracks, despite not being long, continuous features. Post-processing can be
used to connect these disjoint crack features and to eliminate noise. These approaches will
be referred to as bottom-up approaches in this review. The simplest bottom-up approach
is a closing operation [25] which has been applied to crack detection [26, 27]. The clos-
ing operation however, connects noise close to the cracks as well. Hence, it is important
to guide the direction of expansion along the crack structure. Some crack detection algo-
4
Figure 1.3: Disjoint crack segmentation from individual classification
rithms have developed customized morphological transforms to solve this problem [28, 29]
but they only work for very small discontinuities. One way to guide the expansion along
the crack over large gaps is through tensor voting (TV) [30]. TV has been applied to con-
nect disjointed crack segmentations as well [31, 32, 33, 34]. TV has been very effective in
joining disjoint crack segments and eliminating noise. However, TV has two shortcomings.
First, it is computationally expensive, making it infeasible for large-scale use or real-time
processing. Secondly, it results in a blurred out image of the cracks which has to be further
processed to obtain the final crack pattern.
Optimization approaches to crack detection work by modeling the crack detection prob-
lem as an optimization problem. This approach considers the assumption that cracks are
long, continuous features. Also, by searching for an optimal solution, this approach has
more robustness against changing crack widths and image quality. Huang and Tsai [35]
used optimization for crack detection using local probability modeling and global proba-
bilistic dynamic optimization [36]. This algorithm proved to be highly accurate but the
computation required made it restrictive. Minimal-path-based algorithms attempt to detect
cracks by searching for the optimal path across a potential map formed by the image, where
a path along the crack provides the least resistance. Free-form anisotropy uses Djikstra’s al-
gorithm to find the lowest energy path around pixels (which lie on the crack) [8, 37], but in-
terestingly discards this information in the final result. Amhaz et al. [38, 39] use Djikstra’s
5
Figure 1.4: Number of papers on crack detection or classification published in a year
algorithm directly for crack detection by connecting a grid of points and then rejecting the
unwanted linkages. This provides an accurate crack segmentation even in heavy noise, but
several avenues of improvement remain to reduce the computational effort. Jiang [34] pre-
sented a minimal path based algorithm using the fast-marching method. The input points
for the fast-marching method is provided by an individual classification step followed by
tensor voting, skeletonization and endpoint detection. Minimal-path based methods clearly
provide the most accurate yet robust results. However, the input points have to be provided,
and the computation time of the current methods make them practically infeasible.
1.1.2 Trends in Crack Detection Research
Over 104 papers presenting crack detection methods were studied in this thesis. These
papers were analyzed to gain insights on crack detection research trends. Figure 1.4 visu-
alizes the publish date of papers related to crack detection and classification. An average of
six papers have been published every year since 1990, underscoring the popularity of this
problem.
The various common approaches to crack detection have already been explained in the
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previous subsection. Let us formalize the approaches into four broad categories: Individ-
ual classification on the intensity/range image (IC-R); Individual classification on the fre-
quency domain (IC-F); Individual classification followed by bottom-up approaches (BU);
and Optimization (O). Table 1.1 lists the crack detection algorithms using each approach.
Figure 1.5 visualizes the papers published on crack detection using each of the approaches.
The size of the circles are proportional to the number of papers using that approach in that
year. For a long time, crack detection algorithms focused on IC-R. Although IC-R is the
most commonly used approach, its popularity has reduced in recent years. This does not
mean individual classification on the intensity/range image is no longer used. It is still used
for the preliminary crack segmentation in bottom-up and optimization based methods. IC-F
has also become popular recently.
Table 1.1: Crack detection algorithm literature by approach
Approach Papers
IC-R [5, 9, 10, 12, 40, 41, 42, 43, 44, 45, 46, 47, 48, 49, 50, 51,
52, 53, 54, 55, 56, 57, 58, 59, 60, 61, 62, 63, 64, 65, 66, 67,
68, 69, 70, 71, 72, 73, 74]
IC-F [14, 15, 18, 19, 20, 21, 22, 23, 24, 75, 76, 77, 78, 79, 80, 81,
82, 83, 84, 85, 86, 87, 88, 89, 90, 91]
BU [26, 27, 28, 29, 31, 32, 33, 34, 92, 93, 94, 95, 96, 97, 98, 99,
100]
O [8, 16, 35, 36, 37, 38, 39, 101, 102, 103, 104, 105, 106, 107,
108]
Other [7, 109, 110]
1.2 Objectives and Scope
The objective of this thesis is to develop a fast and accurate crack detection algorithm. To
achieve this objective, a minimal path based approach is targeted because of the high accu-
racy and robustness obtained. To address the issue of speed, a preliminary crack segmen-
tation method using individual classification is proposed to limit the number of minimal
path searches to only the crack pattern. To address the discontinuities in the crack pattern
7
Figure 1.5: Papers published using different approaches to crack detection
due to the individual classification approach, a novel bottom-up method for connecting the
disjoint crack pattern has been developed. The connected preliminary crack pattern will
be used to generate the inputs for a minimal path algorithm, which will provide the fi-
nal accurate crack segmentation. The Crack Detection Algorithm Performance Evaluation
System (CDA-PES) has been used to evaluate the proposed algorithm and to compare it to




The data collection procedure for the test pavement images is first described. The proposed
algorithm has then been explained. Although the procedure has been optimized for the
specific image format and size used in the data collection procedure, the procedure can
be easily extended to other image formats and sizes after appropriate adjustment of some
parameters.
2.1 Data Collection
Pavement image data is collected using the Georgia Tech Survey Vehicle (GTSV) shown in
figure 2.1. Two laser scanners from Pavemetrics at the back of the vehicle collect intensity
and range images of the pavement surface (figure 2.2). Intensity images have information
on the brightness of the pavement surface. Range images contain information on the dis-
tance of the pavement surface from a fixed height. Cracks appear as sharp depressions on
the pavement surface in the range image. Crack features are more clearly distinguishable
in the range image. Thus, the range image is used for crack detection. Each pixel in the
range image is a scalar value representing the depth of the pavement surface at that point.
Lower values represent a lower depth. Rutting and the cross-slope of the pavement surface
introduce a gradual change in the range value. This gradual change is removed by applying
a Gaussian high-pass filter to the profiles. The range of values is scaled to fit between 0 and
255. These steps are completed at the image generation stage itself and are not considered
part of the algorithm.
The sensors scan transverse profiles of the pavement at high speed. Each profile consists
of 2,080 points spaced 1 mm apart. Combining both sensors gives a profile of 4,160 points
spaced 1mm apart, covering 4.16 m (13.6 ft) in the transverse direction, which is enough
9
Figure 2.1: Georgia Tech Survey Vehicle (GTSV)
to cover one lane completely. The distance between consecutive profiles is 5 mm. Points
are interpolated between the profiles to create additional profiles such that the distance
between consecutive profiles reduces to 1mm. Therefore, a grid of points spaced 1mm
apart in both the transverse and longitudinal directions is obtained. The information of
every 5,000 profiles is encoded into an image. Each point of sensor data provides the
information encoded in a pixel of a 4,160 by 5,000 pixel image.
2.2 Proposed Algorithm
The flowchart in figure 2.3 demonstrates the proposed algorithm. The major steps are as
follows:
1. The image is preprocessed via median filtering to reduce noise.
2. A simplified individual classification algorithm is used to obtain a preliminary crack
segmentation result.
3. Crack objects are generated and used to connect the disjoint crack segments and
remove noise.
4. A minimal path based algorithm is used to detect the final crack pattern.
Each step is explained in detail in the subsections below.
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(a) Range Image (b) Intensity Image
Figure 2.2: Pavement images captured by 3D laser scanner on GTSV
Figure 2.3: Proposed crack detection algorithm steps
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Figure 2.4: Effect of preprocessing
2.2.1 Preprocessing
As explained in section 2.1, the input image is a 4,160 by 5,000 pixel image with one chan-
nel: the range data. Some pixels may contain out-of-range values because of the pavement
surface being outside the measurement range of the sensor or the presence of obstructions
between the sensor and the pavement surface. In either case, these out-of-range values are
outliers which produce a sharp gradient in the pavement image which can be mistaken for
a crack. These pixels are however, almost always isolated and sparse. Therefore, a median
blur is ideal for removing these outliers. A median blur with a window size of 9-by-9 pixels
removes these outliers while preserving cracks. Figure 2.4 demonstrates the effect of the
median blur.
2.2.2 Preliminary Crack Segmentation
A preliminary crack segmentation is carried out to remove the background. A simple
thresholding is used to segment the crack pixels. It is difficult to determine an ideal global
threshold that works for the entire image because of transverse undulations on the pave-
ment surface caused by the camber and rutting. Hence, the image was divided into smaller
subimages and an adaptive threshold was calculated for each subimage. To get the optimal
size of the subimages, two constraints were taken into account.
1. The preliminary crack segmentation results were visibly inferior if the subimages
represented a pavement width of more than 305 mm (1 foot). This was because the
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aforementioned undulations made it difficult to define an ideal single threshold for
the entire subimage.
2. The minimum subimage dimension had to be larger than the widest expected crack
width, so that a subimage does not fall almost or completely inside a crack, making it
difficult to find a suitable threshold from the subimage histogram. The widest cracks
expected to be encountered are 51 mm (2 inches) wide.
The image was divided into 20× 20 subimages. Thus, each subimage covered approx-
imately 250 mm in the longitudinal direction and 200 mm in the transverse direction. As
long as the number of subimages remained within the two constraints, there was no signifi-
cant change in the preliminary crack segmentation. The computation speed is independent
of the number of subimages.
Existing literature on crack detection using individual classification often did not men-
tion the effect of different pavement types, as discussed in section 3.1.1. Open-Graded
Friction Course (OGFC) Asphalt (Figure 3.2c) is extensively used in interstate highways in
Georgia. However, its pavement texture, which clearly affects crack detection performance
is generally not considered. A new adaptive threshold formula was required to encompass
various pavement textures, including OGFC Asphalt surfaces, dense-graded asphalt sur-
faces and concrete surfaces [111]. Thus, a novel adaptive threshold formula was developed
using the range image statistics, with the performance on various pavement textures taken
into account.
Let Si be the set of pixels in subimage i. The threshold is determined using the pixel
value distribution of the subimage i as follows:









min = minj∈Sivj (2.2)
Where,
vj is the range value of pixel j,
v
(i)
mean is the mean range value of subimage i and
minj∈Sivj is the mean range value of subimage i







min)− β, γ)) (2.3)
0 ≤ α ≤ 1
β ≥ 0
0 ≤ γ ≤ 255
Where α, β and γ are adjustable parameters. α controls the initial value of the thresh-
old as a point between the mean and minimum range values of the subimage. For
any non-zero value of α, there will be pixels which have a value below the threshold,
even in subimages with no cracking. The pixel values of subimages with no cracking
generally have less variance. The parameter β decreases the threshold slightly by a
constant value. In case of subimages with no cracking, this slight shift pushes the
threshold below the minimum value, preventing any pixels from being segmented as
crack pixels. The parameter γ sets an upper limit for the threshold.
3. The preliminary crack segmentation map is generated. Pixels in Si are classified as
crack pixels if their range value i.e. depth is lower than t(i).
The parameters are adjusted to minimize the false negative error. This ensures that the
thinner crack portions are not lost. This also results in a large number of false positives,
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Figure 2.5: Result of preliminary crack segmentation
which are removed in the next step. The optimal parameters obtained by trial-and-error are
given in table 2.1.
2.2.3 Crack Object Connection
A connected component is defined as a set of crack pixels such that every pixel in the set
is connected to all other pixels through a path that passes exclusively through crack pixels
through 8-neighbor connectivity. As shown in figure 2.5, connected components created
from the true positive crack pixels (white) are generally more elongated and have an overall
structure with a common local orientation. In contrast, connected components created from
noise have no overall structure and no common orientation. These distinguishing properties
are utilized to connect the crack features and remove the noise features.
1. Using the preliminary crack segmentation as the input, each connected component
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having at least 10 pixels is used to create a crack object. Let Ri be the set of crack
pixels in the preliminary crack segmentation that belong to crack object i. Then crack
object i has the following properties:
(a) The Centroid (C = (cx, cy)) of the crack object is the centroid of the member
crack pixels is given by equations










Where xj and yj are the x and y coordinates of pixel j respectively.
(b) The length (l) is equal to the variance along the first principal component of the
pixels in Ri.
(c) The width (w) is equal to the variance along the second principal component of
the pixels in Ri.







The eccentricity varies between 0 and 1 and provides a measure of the elonga-
tion of the connected component. Larger values of eccentricity mean a more
elongated shape and smaller values denote a rounder shape.
(e) The orientation (o) is given by the angle created by the principal component
with the positive x-axis.
Figure 2.6 overlays the crack objects (magenta) over the preliminary crack segmen-
tation (white). The crack objects are visualized as rectangles with the center, length,
16
Figure 2.6: Crack objects overlay on preliminary image segmentation
width and angle of the length with the positive x-axis given by c, l, w and o of the
crack object respectively.
2. Each crack object is elongated using equations 2.7 and 2.8.
l′ = µleν (2.7)
w′ = weν (2.8)
µ, ν > 1
Where l and l′ are the initial and elongated lengths respectively,
w and w′ are the initial and elongated widths respectively and
17
Figure 2.7: Elongated crack objects overlay on preliminary image segmentation
µ and ν are adjustable parameters
As we observed in figure 2.5, the crack objects created from the true positives are
longer and more elongated. Hence, equations 2.7 and 2.8 were designed to incen-
tivize crack objects that are longer and penalize noise which generally has low ec-
centricity. Figure 2.7 overlays the crack objects before (magenta) and after (yellow)
elongation on the preliminary crack segmentation (white). The false positive crack
objects are mostly shrunk down while the true positive crack objects are extended to-
wards each other. The values for the parameters were determined by trial-and-error.
The finalized parameter values are given in table 2.1.
3. Connected components analysis is then used to remove the false positive noise. The
18
Figure 2.8: Removal of false positives
extended crack objects are used to calculate new connected components. For each
crack object, a rectangle is drawn with the center of the rectangle coinciding with the
centroid of the crack object. The length, width and the angle made by the length of
the rectangle with the positive x-axis are given by l′, w′ and o respectively. Rectan-
gles that overlap would belong to the same connected component. The isolated false
positive connected components are much smaller than the true positive connected
components which are connected together. This image of overlaid crack object rect-
angles is skeletonized and connected components of size smaller than the parameter
δ are removed. This eliminates the false positive noise from the image, leaving only
the interconnected crack pattern intact. The optimal value of parameter δ was deter-
mined by trial-and-error and is given in table 2.1. Figure 2.8 visualizes the removed
crack objects (red) and the remaining crack objects (white).
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2.2.4 Minimal Path Crack Detection
From the previous subsection, a crack segmentation map is obtained with most false posi-
tives and false negatives removed and the disjoint crack segments patched together. Min-
imal Path detection using the fast-marching algorithm was used to refine this image using
the following steps.
1. The branchpoints of the image were identified. These branchpoints along with their
neighboring pixels set to zero in the refined crack segmentation. As a result, the
image would be left with curves with no branching.
2. The endpoints of the each curve are then identified. These endpoints serve as the
input points for the fast-marching algorithm.
3. The fast-marching algorithm is used to find an optimal path between each pair of
points using the original range image as the potential map. The minimal path falls
along the crack pixels, which have greater depth than the surrounding pavement,
hence lower weight associated with them.
4. Finally, the detected paths are filtered according to the following criteria:
(a) Paths less than 20 pixels long (corresponding to approximately 20mm length)
are rejected. This is done to remove artifacts developed from the skeletonization
step which leaves small spurs on the skeleton.
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(b) Paths with a mean pixel value greater than the mean value of the entire image
are rejected. Paths along cracks are expected to have lower mean values than
the rest of the image. This step removes erroneous paths.
5. The removed branchpoints are added back, connecting the minimal path curves.
2.3 Demonstration
Figures 2.9 and 2.10 demonstrate the proposed algorithm on two pavement images. Figure
2.9 has been explained in detail. The same logic applies for figure 2.10 as well.
Figure 2.9a shows the original range image. Figure 2.9b shows the result of the prelim-
inary crack segmentation. Small false positive noise can be seen scattered throughout the
image by design. The crack is also represented as small connected components, but these
connected components are generally elongated along the crack to form an overall pattern.
As a result, the crack objects formed by these connected components are extended along
the same direction and are joined, as shown in figure 2.9c. On the other hand, the false pos-
itive noise connected components remain isolated because they have little extension and
arbitrary orientation. Figure 2.9d shows the result after the patched image is skeletonized
and the small connected components have been removed. The endpoints and branchpoints
of this image are then used as inputs for a minimal path search algorithm. The results of the
minimal path search are shown overlaid on the original image in figure 2.9e. After filtering
the minimal paths, the final crack segmentation is shown in figure 2.9f. The effect of the
final filtering can be better observed in figure 2.10e and 2.10f.
The final crack segmentation is a connected crack pattern with minimal false positive
noise. Even thin cracks are detected, minimizing false negatives. Figure 2.10 shows a
challenging case where the proposed algorithm missed some crack segments, indicating
avenues for future improvement.
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(a) Original image (b) preliminary crack seg-
mentation
(c) After crack object
patching
(d) Skeletonized image (e) After minimal path
search
(f) Final crack segmenta-
tion
Figure 2.9: Demonstration of proposed algorithm on image with longitudinal crack
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(a) Original image (b) preliminary crack seg-
mentation
(c) After crack object
patching
(d) Skeletonized image (e) After minimal path
search
(f) Final crack segmenta-
tion




Rigorous performance evaluation and comparative analysis was performed on the proposed
algorithm. This chapter presents the tests conducted and the results achieved. The tests
were conducted on a machine with an Intel Core i7-4770 CPU 8 cores @ 3.40GHz. The
results show superior performance by the proposed algorithm on the Crack Detection Al-
gorithm - Performance Evaluation System (CDA-PES) [111] as compared to all algorithms
tested before on CDA-PES. The proposed algorithm also shows much lower computation
time as compared to the state-of-the-art algorithm by Jiang [34], the only other algorithm
to achieve comparable performance in the CDA-PES.
3.1 Accuracy
This section considers the correctness of the crack detection results obtained by the pro-
posed algorithm. The Crack Detection Algorithm - Performance Evaluation System (CDA-
PES) has been used for evaluation. Section 3.1.1 summarizes the CDA-PES. The perfor-
mance result of the proposed algorithm in CDA-PES is given in section 3.1.2. This is
followed by a comparison with existing algorithms in section 3.1.3.
3.1.1 Crack Detection Algorithm - Performance Evaluation System (CDA-PES)
The CDA-PES consists of:
1. An enhanced Hausdorff distance-based quantitative performance evaluation metric.
2. A consistent dataset designed with diverse pavement types and crack conditions that
affect CDA performance.
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3. A multi-level, categorized, quantitative performance scoring and reporting method to
critically assess the CDA performance and provide feedback to researchers.
The performance metric is used to evaluate the performance of a crack detection algo-
rithm on a pavement image. It is used on all images in the pavement image dataset to obtain
a detailed performance evaluation of the algorithm, which is visualized using the provided
scoring and reporting method.
Performance Metric
Commonly, crack detection is treated as a binary classification problem: each pixel has to
be individually classified as a ”crack pixel” or a ”non-crack pixel”. Hence, binary classifier
metrics such as accuracy, precision and recall are often used to evaluate crack detection
algorithms. However, classifying pixels in an image as a ”crack pixel” or a ”non-crack
pixel” is subjective [111].
To overcome this problem of subjectivity, an enhanced Hausdorff distance-based per-
formance metric is used. In this metric, a no-penalty buffer is created around the ground
truth crack segmentation. The ground truth crack segmentation is created once manually.
Any crack pixels detected inside this buffer will not receive any penalty. As the distance
of crack pixels grow farther away from the ground truth, the penalty starts to rise until the
maximum penalty is alloted. As a result, false positive crack pixels are penalized. Next, the
same buffer is drawn along the detected crack pattern and crack pixels in the ground truth
which are outside this buffer receive a penalty. This way, false negatives are also penalized.
Combining the penalties of the two images provides a final score out of 100 for the per-
formance of a crack detection algorithm on a particular image. Higher scores indicate better
performance. The regions of the image which caused the false positive or false negatives
can be easily identified, providing a more detailed visualization of the performance.
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Figure 3.1: Categories in the CDA-PES pavement image dataset
Pavement Image Dataset
The factors affecting crack detection algorithms were considered during the development
of the pavement image dataset in CDA-PES. The four factors considered were pavement
type, crack type, crack width and crack complexity (Figure 3.1).
• Pavement type drastically changes the appearance of the pavement surface. Fig-
ure 3.2 shows the difference between three pavement types and their effect on a
thresholding-based crack detection algorithm.
• Crack type refers to the different cracking conditions that can be found on pavement
surfaces. Figure 3.3 shows some of the images from the dataset representing different
cracking conditions.
• Crack width often affects crack detection performance. However, cracks generally
have different widths throughout their structure. To capture the effect of different
crack widths on crack detection performance, synthetic images were created. Figure
3.4 show these synthetic images and their effect on an edge detection based algo-
rithm.
26
Figure 3.2: Different pavement types: (a) Dense graded asphalt pavement range image;
(b) Crack map detected by relaxation thresholding on Figure 3.2a; (c) open graded friction
course asphalt pavement range image; (d) Crack map detected by relaxation thresholding
on Figure 3.2c; (e) Concrete pavement; (f) Crack map detected by relaxation thresholding
on Figure 3.2e
Figure 3.3: Different crack types: (a) no cracking; (b) longitudinal crack; (c) transverse
crack; (d) combination of crack types; (d) alligator cracking
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Figure 3.4: Different crack widths: (a) 1 pixel crack width; (b) Canny edge detection result
on Fig 3.4a; (c) 2 pixel crack width; (d) Canny edge detection result on fig 3.4c; (e) 5 pixel
crack width; (f) Canny edge detection on Fig 3.4e; (g) 10 pixel crack width; (h) Canny edge
detection on Fig 3.4g
• The number of intersecting points and polygons in a crack image affects some crack
detection algorithms’ accuracy as well as computation speed. Figure 3.5 demon-
strates images with different crack complexities.
Scoring and Reporting
CDA-PES provides three levels of performance evaluation of crack detection algorithms.
The first level is an overall score for the algorithm, with 100 being the highest score that
Figure 3.5: Different crack complexities: (a) low pattern complexity; (b) medium pattern
complexity; (c) high pattern complexity
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can be achieved. The second level is a set of scores for various image subsets, which helps
to identify the weaknesses of CDAs. This is visualized in a CDA-PES dashboard (figure
3.6). The third level provides individual image scores and visualizations of the source of
penalties. This helps to identify the cause of penalties, helping to improve the CDA.
3.1.2 CDA-PES Results
Figure 3.6 shows the CDA-PES dashboard for the proposed algorithm. The overall score is
80, the highest ever recorded using the CDA-PES [111].
The weakest category appeared to be transverse cracks, which are often difficult to de-
tect because of their thin widths. Alligator cracking also pulled the overall score down. In
both cases, the reason was mainly false negative error, propagated by thin cracks. These
categories show the area for future improvement for the proposed algorithm. The perfor-
mance is not significantly affected by crack width although it appears to clearly decline as
crack complexity increases.
3.1.3 Comparison to existing algorithms
The tensor voting based MPS algorithm (further refered to as the TV algorithm) presented
by Jiang [34] has been considered the state-of-the-art algorithm for this comparative analy-
sis. Table 3.1 shows the overall CDA-PES scores obtained by various existing algorithms,
the TV algorithm and the proposed algorithm. The TV algorithm and the proposed algo-
rithm have the highest overall scores.
Figure 3.7 shows the CDA-PES dashboard for the TV algorithm. It can be observed
that the TV algorithm has lower false positives, but slightly higher false negative errors.
Both algorithms are minimal-path based. Thus, they both have difficulty in complex crack
patterns such as alligator cracking and easily remove noise in images with no cracking. The
proposed algorithm performs better in all categories with cracking.
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Figure 3.6: Dashboard for proposed algorithm
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Figure 3.7: Dashboard for tensor voting based MPS algorithm [34]
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Table 3.1: Comparison of overall CDA-PES scores [111]
Crack Detection Algorithm Overall Score
Relaxation Thresholding 63





Tensor voting based MPA 79
Proposed algorithm 80
3.2 Computation Speed
The greatest advantage of the proposed algorithm with respect to the state-of-the-art al-
gorithm is a vast reduction in computation time. This is mainly attributed to the novel
approach to connect disjoint crack segments which replaces the computationally heavy
tensor voting step. The computation speed for processing the CDA-PES pavement image
dataset has been considered. The dataset consists of 68 images of size 0.65 megapixels.
3.2.1 Computation Time Breakdown
The proposed algorithm has a minimal path search step. The computation time for the
minimal path search step varies greatly as the complexity of the crack pattern changes.
Figure 3.8 shows the computation time of the proposed algorithm on three separate images
with varying crack complexity. The minimal path search step clearly becomes the most
computationally heavy step in the algorithm for images with cracks.
The proposed algorithm was used to process 68 images in the CDA-PES pavement
image dataset. The proposed algorithm took on average 1.15 seconds per image. The
distribution of processing times (figure 3.9) shows that this is a skewed distribution. The
median computation time is 0.52 seconds.
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Figure 3.8: Computation time of proposed algorithm
Figure 3.9: Distribution of computation time of proposed algorithm
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Figure 3.10: Comparison of computation time
3.2.2 Comparison with the state of the art
Figure 3.10 demonstrates the speed improvement over the current state-of-the-art TV al-
gorithm. The proposed algorithm has a 36 times faster average computation speed and a
58 times faster median computation speed. When compared on the same image, the pro-
posed algorithm performed 68, 32 and 27 times faster in an image with no cracking, one





This thesis presented a fast and accurate crack detection algorithm. The core contribu-
tion to crack detection research is a novel preliminary crack segmentation method and a
fast method for connecting the disjoint crack pattern as an alternative to tensor voting.
These contributions provide a method to automatically obtain the input points for the fast-
marching algorithm, which has been found to be very accurate in finding the crack path
between between two given points on a crack.
The algorithm presented in this thesis offers a robust, accurate and fast crack detec-
tion algorithm which will have a strong beneficial impact on the widespread adoption of
automated road condition surveys, making road condition surveys safer and more efficient.
4.2 Future Recommendations
1. The proposed algorithm achieves better overall performance. However, potential for
improvement remains, especially in the case of high crack complexity. From figure
2.10, the problem appears to be ”overpatching”, where the patched image appears to
lose information about the crack topology. Further research is required to improve
the performance in this category.
(a) One possible approach is to detect cases of alligator cracking and reduce the
elongation parameters µ and ν, which can possibly improve the performance in
the case of images with high crack complexity.
(b) An alternative solution is to detect image regions of alligator cracking (image
blocks with a large number of crack pixels during the preliminary crack seg-
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mentation) and stop any further analysis in those regions, which can be done by
setting all pixels in those regions as non-crack pixels. The alligator cracking re-
gion can then be delivered as a second output, represented with just a bounding
box. This secondary output format is sufficient for the purposes of road con-
dition surveys, in which alligator cracking is generally recorded as the overall
pavement length/area affected, not the exact crack pattern.
2. Another difficult category was transverse cracking, which generally has very thin
cracks. Further research has to be conducted to preserve these transverse cracks.
3. Although significant speed improvements have been achieved, the proposed algo-
rithm cannot be directly applied in real-time. Parallel and GPU processing is rec-
ommended to further improve the speed of the algorithm. The minimal path search
step was found to be the heaviest step in the algorithm, especially in the case of high
crack complexity. Each minimal path search is independent of the others. Hence, the
algorithm can greatly benefit from parallelization.
4. The application of the proposed crack detection algorithm in other fields can be ex-
plored. Crack detection has applications in bridge inspection, building information
modeling, manufacturing and medical imaging.
5. The crack objects already store useful information about the crack pattern. This crack
pattern information can have applications in crack classification. The possibility of
using the crack object data for crack classification should be explored.
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